The development of targeted therapies, which benefit only a subgroup of patients treated for a given type of cancer, has been extremely attractive to many investigators. Adaptive seamless phase II/III designs in oncology clinical trials with interim analyses for subpopulation selection could be used if pre-defined biomarker hypothesis exists. We consider the interim analysis using time-to-event endpoints, e.g., overall survival (OS) and progressionfree survival (PFS), to identify whether the whole population or only the biomarker-positive population should be continued into the subsequent stage, whereas a final decision is based on OS data. In this paper, we propose the interim decision-making strategies in adaptive designs with correlated endpoints, considering post-progression survival (PPS) magnitudes. In our approach, the interim decision is made on the basis of predictive power, by incorporating information on OS as well as PFS. We consider PFS data only in making interim decision in order to supplement the immature OS data. Simulation studies assuming a targeted therapy show that our interim decision procedure performs well in terms of selecting the proper population, especially under a scenario in which PPS affects the translation of the benefit from PFS to OS.
Introduction
The development of targeted therapies, which benefit only a subgroup of patients treated for a given type of cancer, has been extremely attractive to many investigators, especially in oncology. If a pre-defined biomarker hypothesis exists, clinical trial designs should be set up considering the heterogeneity of patient subgroups by using the biomarker at the planning stage [1] . Currently, most trials demonstrate the benefit for a given patient subgroup retrospectively. For instance, it was shown that progression-free survival (PFS) was significantly improved among patients with pulmonary adenocarcinoma who tested positive for epidermal growth factor receptor (EGFR) inhibitor and received gefitinib (hazard ratio [95% CI] for PFS: 0.48 [0.36 to 0.64], P < 0.001) [2] . In contrast, PFS was notably worsened among patients who lacked an EGFR mutation (hazard ratio [95% CI] for PFS, 2.85 [2.05 to 3.98]; P < 0.001). In another example, both overall survival (OS) and PFS were significantly improved among patients with advanced colorectal cancer who received cetuximab, and had the wild-type K-ras gene (hazard ratio [3] . Note that the treatment effects for the subgroup in these clinical trials were evaluated retrospectively. For these reasons, adaptive designs to select the subpopulation by using an identified biomarker are needed to develop such a therapy.
Interest in the use of adaptive designs has been increasing among many biostatisticians, including staff members of the Food and Drug Administration from the CDER Office of Epidemiology and Biostatistics, in the past 10 to 15 years [4] . We describe an adaptive seamless phase II/III design with two stages although adaptive designs, in general, encompass every phases in clinical trials. The different types of adaptive seamless phase II/III designs are broadly divided into adaptive treatment selection design and adaptive subpopulation selection design. Moreover, they can minimize the period, white space, between the analysis of phase II data and the recruitment of phase III patients [5] . Recently, many papers on adaptive seamless phase II/III designs have been published [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] . There are two methods to combine the stagewise data: the Fisher's product combination method by Bauer and Köhne [20] and the weighted inverse normal combination method [21, 22] .
In this paper, we discuss an adaptive design for subpopulation selection using correlated time-to-event endpoints. This design could be applied to the development of targeted therapies. Brannath et al. [13] presented an adaptive seamless phase II/III methodology for subpopulation selection by using a single time-to-event endpoint. Following this, Jenkins et al. [15] proposed the aforementioned methodology by using the correlated time-to-event endpoints: OS and PFS as a short-term endpoint. Subsequently, Friede et al. [19] demonstrated a more powerful method by using a conditional error function approach [23] . Under the methodology by Jenkins et al. [15] , the interim analysis involves the use of PFS data from stage 1 patients only, whereas the final analysis is conducted based on OS data from each stage. We propose interim decision-making strategies in adaptive designs for subpopulation selection. We extend the previous methodologies [13, 15] in two aspects. First, the interim analysis is conducted by incorporating information on PFS as well as OS. Second, we consider a scenario in which OS is calculated based on post-progression survival (PPS), if the progression is observed before death.
The paper is structured as follows. We first introduce the approach for final decision-making in adaptive subpopulation selection design using the combination test method proposed by Jenkins et al. [15] in Section 2. We then discuss the interim decision-making strategies using correlated time-to-event endpoints in Section 3. Section 4 presents a simulation study. Finally, we conclude the paper in Section 5 with a discussion.
Final decision-making using combination test approach
This section reviews the combination test approach for final decision-making in adaptive subpopulation selection design.
We suppose that the pre-defined biomarker hypothesis exists, and the full population F consists of the pre-defined biomarker-positive population P and the biomarker-negative population N. In adaptive subpopulation selection designs, an interim analysis takes place to identify whether F or P benefit based on stage 1 only. Subsequently, the final analysis would conduct hypotheses testing in both F and P, or only in P.
In the combination test for a single one-sided null hypothesis H {g} 0
for each population g ∈ {F, P }, a stagewise pvalue p {g} k for H {g} 0 is calculated from OS data only for stage k ∈ {1, 2} patients based on log-rank tests. As Jenkins et al. [15] have illustrated in the solution for time-to-event endpoints in adaptive seamless design, the additional follow-up during stage 2 of patients accrued in stage 1 contributes to stage 1 p-values. The intersection hypothesis is H {F,P } 0 = ∩ g∈{F,P } H {g} 0 . Closed testing procedures [24] are used to strongly control the familywise error rate. We shall use Simes' procedure [25] for H {F,P } 0 with p
We then use a weighted inverse normal combination method with pre-specified weights w k , where 0 ≤ w k ≤ 1 and 2 k=1 w 2 k = 1. For OS data, we set w k = D k / j D j as the weights with the anticipated numbers of OS events D k in order to combine the p-value from each stage k and the null hypothesis for each population is rejected if the weighted inverse normal combination function
where Φ(·) denotes the cumulative distribution function of the standard normal distribution and c ≈ 1.96 represents the critical value for a one-sided significance level of 0.025. Note that it is vital to specify the combination function and the design of stage 1 at the planning stage.
Interim decision-making
The purpose of this paper is to extend the recent methodologies [13, 15] for interim decision-making in two aspects. First, not only PFS data but also OS data are incorporated into the interim analysis in adaptive subpopulation selection design. PFS is defined as the time from randomization until objective tumor progression or death from any cause, namely, time-to-progression (TTP) or OS, whichever occurs first [26] . Several authors have discussed the issues in using PFS [27] [28] [29] [30] ). Although the most commonly used endpoint required in phase III trials by regulatory agencies is OS, PFS is frequently used in phase II trials, especially for targeted therapies. OS generally requires long follow-up durations after tumor progression. Therefore, a long study duration and a large number of patients is required, making it expensive to conduct clinical trials to collect OS data. Hence, it would be practical to use PFS data for interim decision-making only if PFS could be deemed as a short-term intermediate time-to-event endpoint, because it is more quickly observed than OS. Second, we assume a scenario in which OS is calculated considering PPS after tumor progression, if progression is observed before death. OS data frequently require long-term follow-up periods. Therefore, it would also be pragmatic to consider the impact based on PPS data.
Procedures for interim decision-making
An interim analysis takes place to identify whether the full population F or the pre-defined biomarker-positive population P benefit based on stage 1 only. In addition, a clinical trial can be discontinued early for futility, when the success of the trials at the interim analysis is deemed unpromising. This enables sponsors and investigators to optimize the investment of resources. In contrast, there is no consideration to stop the clinical trial early based on efficacy. For interim decisions, the sponsor has to be blinded to any results at the interim stage and the Independent Data Monitoring Committee (IDMC) makes the recommendation based on an interim decision rule [31] .
Correlation model between OS and PFS
Several papers have been published to handle the correlation between time-to-event endpoints [32] [33] [34] [35] [36] . To measure the correlation between two time-to-event variables such as PFS and OS, the correlation coefficient by Spearman [37] , which is nonparametric, is widely used in clinical trial reports (see, e.g., [38, 39] . However, these measurements do not account for censoring.
One of the statistical models to handle censoring has been proposed by Fleischer et al. [36] . They use exponential models for each time-to-event endpoint based on the assumption that TTP and OS are completely independent and that PFS is given by the minimum of TTP and OS. Moreover, we shall consider the time-to-event endpoint D, say the time to death without tumor progression. Then, OS is calculated as follows:
Suppose that each time-to-event endpoint v ∈ {TTP, PPS, D} is exponentially distributed with parameter λ v where λ v > 0. Then the correlation between OS and PFS is given by
Note that ρ = 1.0 if no tumor progression occurs before death; in other words, PFS = OS.
Interim decision rule using predictive power
In this paper, the decision tool applied at the interim analysis relies on the predictive power approach [11, 40] . The predictive power indicates how likely the various null hypotheses are to be rejected at the final analysis. For instance, if the predictive power based on interim results is greater than the threshold for one hypothesis, then the possibility of rejection is high for the corresponding hypothesis when continuing with the corresponding population. For simplicity, let us assume non-informative priors for the treatment effect; the predictive power for each population s ∈ {F, P, N } using the interim e ∈ {OS, PFS} data is given as follows: is the observed test statistic based on the log-rank test using stage 1 data.
In the context of adaptive subpopulation selection designs, Brannath et al. [13] have demonstrated the decision rule by using the predictive probability as well as the posterior probability at the interim analysis, whereas Jenkins et al. [15] have proposed the use of the rule based on the estimated hazard ratios. For the clinical development of targeted therapies, when we consider a scenario in which the experimental treatment is beneficial for P but is actually harmful for N, the problem of crossing hazard rates might be observed due to the violation of the proportional hazard assumption. Hence, we provide the interim decision rule using predictive power for the sake of simplicity by modifying the rule demonstrated by Brannath et al. [13] and by considering the use of multiple endpoints at the interim analysis. Figure 1 illustrates the decision rule at the interim stage.
Let π {s} i denote the threshold of the predictive power for each population s ∈ {F, P, N } in each case i and let δ e denote the relative importance that we assign to the corresponding endpoint e ∈ {OS, PFS}. Because of the nature that PFS data are more quickly observed than OS data, we should reflect the expected number of events accrued up to the interim analysis. For adaptive treatment selection design, Di Scala and Glimm [41] combined the predictive probability using weights similar to δ e and have shown the simulation results. However, we evaluate multiple endpoints separately in considering the inconsistency as well as the correlation between OS and PFS due to the impact of PPS. A series of simulations are needed to set those thresholds to be used by the IDMC.
Simulation study
In this section, we describe a simulation study to show the operating characteristics of adaptive subpopulation selection designs based on the interim decision-making strategies presented in Section 3. The design assumption and simulation setting are presented in Section 4.1. Furthermore, each probability at the interim or the final decision is shown in Section 4.2.
Design assumption and simulation setting
We shall consider a randomized, parallel group clinical trial with two arms, experimental (E ) and control (C ). Assume that the median TTP for C is 2 months and the median PPS for C is set to (0.5, 0.5, 0.5) or (0.5, 2.0, 3.0) months, corresponding to the correlation between OS and PFS ρ = (0.9, 0.7, 0.5). The clinical trial consists of two stages, namely, a randomized phase II trial and a confirmatory phase III trial.
Assume that the patients classified as being either biomarker-positive or biomarker-negative are included in the trial in order to consider a targeted therapy. Suppose that the prevalence of P among F is roughly set as γ = 50%. Let HR {t} v denote the hazard ratio for each population t ∈ {P, N } using the interim v ∈ {TTP, PPS, D} data. We consider several scenarios for the treatment effect: where a hazard ratio less than 1 indicates an increased benefit from E. Scenarios 1 to 4 are those in which the experimental treatment is extremely beneficial for P, i.e., HR {P } v = 0.50, and the hazard ratio for P for TTP, PPS, and D is similar for the sake of simplicity. In scenario 1, E is more beneficial for P than for N. Scenario 2 is the scenario in which E is beneficial for P but not for N. In scenarios 3 and 4, E is beneficial for P but actually harmful for N. In calculating the predictive power in Section 3.3, it is required to take into account N as well as F and P in these scenarios. Furthermore, the hazard ratio for F is considered as HR
Note that the scenario 3 above is roughly based on a real trial for patients with advanced colorectal cancer receiving cetuximab [3] . That result shows that the hazard ratios among patients with the wild-type K-ras gene are HR Moreover, we assume that the final analysis is performed after 300 OS events occur in reference to the example [3] . An interim analysis is conducted after τ =(25%, 33%, 50%) PFS events of pre-planned OS events are observed. Here, we assume that the overall number of patients is 400.
In terms of interim decision-making, the thresholds that needed to be pre-specified at the planning stage are roughly set as (π
) = (10%, 5%, 5%, 20%) with weights of δ OS = 1/2 and δ P F S = 1, respectively, because OS is a primary endpoint whereas PFS data are more rapidly observed than OS data.
With respect to data generation within the simulation, each time-to-event endpoint is assumed to arise from the exponential distribution considering the correlation between OS and PFS as well as the impact of PPS after tumor progression using Equation (2) as we demonstrated in Section 3.2. Selected results for the simulation are presented in Section 4.2. Furthermore, the comparison of approaches that use OS data only or PFS data only at the interim analysis is also given.
Simulation results
All subsequently reported results are obtained based on 10,000 simulation replications per scenario.
First, Table 1 provides the probability of rejecting at least one null hypothesis for F or P for HR Second, Tables 2 and 3 show the each probability of selecting each corresponding population at the interim analysis. The lower probability is better in Table 2 , whereas the higher is better in Table 3 , because of the simulation setting in which the targeted therapy is considered. It is expected to see a greater probability of selecting each population when using OS and PFS, under the assumption that the median PPS for C is set to (0.5, 2.0, 3.0) months, particularly where the correlation between OS and PFS is not very strong, i.e., ρ = (0.7, 0.5), in scenarios 1 to 3. These indicate that the impact of PPS leads to the misspecification of the population rather than the correlation between OS and PFS. On the other hand, each probability is similar under the assumption that median PPS for C is set to (0.5, 0.5, 0.5) months for every scenario. In addition, the probability of discontinuing the trial early for futility is less than 10% under every scenario in Table 4 , and this would be valid in terms of the targeted therapy setting for simulations, although it depends on the pre-specified thresholds.
Lastly, Tables 5 and 6 show the each probability of rejecting the null hypothesis, i.e., power, for each population at the final analysis. The weighted inverse normal combination method is used here (see, Equation (1) in Section 2). Note that the lower power is better because it is beneficial only for P in Table 5 . Therefore, incorporation of information from OS and PFS results in good performance in the same way as described in Tables 2 and 3 . Furthermore, each overall power gets lower when the timing of the interim analysis τ is earlier, because of the immature OS and PFS data. However, an interim decision conducted after the observation of PFS events constituting 50% of the preplanned OS events would be unrealistic, due to the adaptive seamless phase II/III clinical trial design considered. More patients may be needed in order to construct the adaptive seamless phase II/III design.
Discussion
The aim of this paper was to propose the interim decision-making strategies in adaptive designs for subpopulation selection. Interim decision-making strategies using OS as well as PFS perform well in terms of selecting the most appropriate population, especially under a scenario in which PPS affects the translation of the benefit from PFS to OS, although there are concerns about bias with respect to operational facets. This paper has been limited to a situation in which the source of the pre-defined subgroup regarded as biomarkerpositive for efficacy is known. Moreover, a restriction in our simulation results is that sample size calculation is not considered for the sake of simplicity. In practice, this is determined based on the expected treatment effect for both F and P. However, a large number of patients would be required when the experimental treatment benefits P but has a negative effect on N, especially in scenario 4 of Section 4.1. This is a realistic scenario referring to an actual trial for gefitinib [2] . Alternative clinical trial designs that enroll only P, i.e., enrichment designs [1] , could be considered, particularly in scenarios in which the prevalence of P is small. Meanwhile, note that the aforementioned approach meets the regulatory requirement in that it provides the efficacy results for N.
In oncology, whether PFS instead of OS as a primary endpoint is acceptable for a given treatment evaluation for marketing approval will depend on the disease setting. Nevertheless, we consider PFS data only in making interim decision to supplement the immature OS data. Furthermore, we also consider PPS lengths in using the correlation between OS and PFS. Consequently, the probability of selecting the proper population at the interim analysis is improved under the circumstance in which a relatively long PPS is expected. However, as Zhang et al. [42] have mentioned, the OS benefit given the PFS benefit also depends largely on the crossover rate, because treatment crossover from the control to experimental groups frequently occurs right after tumor progression in real trials.
Regarding the correlation of multiple time-to-event endpoints, it would be worthwhile to consider the impact of crossover rates in addition to the magnitude of PPS.
Regarding multiplicity issues, we use the Simes' procedure to control the familywise type I error rate. As presented in Section 4.2, however, these results are conservative because of the asymptotic bivariate normal distribution and positive correlation. As Friede et al. [19] have proposed, the method based on the conditional error function approach would be more powerful.
As shown in Section 3.3, we assume non-informative priors at the time of interim decision-making for simplicity in this paper. A possible future investigation is to consider how external information or any other knowledge prior to the phase II trial might be incorporated into the use of informative priors and setting the thresholds for the predictive power in the interim decision. Table 1 : The familyeise type I error rate, the correlation of the p-values between F and P, and the independence of stagewise p-values across stages under the assumption that the median PPS for C is set to (0.5, 0.5, 0.5) months based on 10,000 simulation replications per scenario. Table 2 : Probabilities of selecting each population at the interim analysis using the corresponding data under the assumption that the median PPS for C is set to (0.5, 0.5, 0.5) months based on 10,000 simulation replications per scenario. Table 3 : Probabilities of selecting each population at the interim analysis using the corresponding data under the assumption that the median PPS for C is set to (0.5, 2.0, 3.0) months based on 10,000 simulation replications per scenario. Table 4 : Probabilities of discontinuing the trial early for futility at the interim analysis using the corresponding data based on 10,000 simulation replications per scenario.
Probabilities of discontinuing the trial early for futility under the assumption that median PPS for C = (0.5, 0.5, 0.5) months median PPS for C = (0. Table 5 : Probabilities of rejecting the null hypothesis for each population at the final analysis using the corresponding data under the assumption that the median PPS for C is set to (0.5, 0.5, 0.5) months based on 10,000 simulation replications per scenario. Table 6 : Probabilities of rejecting the null hypothesis for each population at the final analysis using the corresponding data under the assumption that the median PPS for C is set to (0.5, 2.0, 3.0) months based on 10,000 simulation replications per scenario. 
